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(54) METHOD AND SYSTEM FOR ASSET INSPECTION USING UNMANNED AERIAL VEHICLES

(57) This disclosure generally relates to method and
system for asset inspection using unmanned aerial ve-
hicles. Regular inspection of assets in any environment
is time consuming and involves physical risk and injury
to the property. The method includes receiving a plurality
of input images of an asset using unmanned aerial vehi-
cle and generates a 3D point cloud based on overlapped

images identified from the plurality of input images of the
asset being inspected. Further, anomalies are detected
and defects are observed in the one or more objects of
interests based on the change observed in each 2D im-
age frame from the plurality 2D image frames in a specific
view with an identical objects of interest of the 2D image
frame. A pyramidal view map is created for the plurality
2D image frames by mapping each pixel of the plurality
2D image frames with the plurality of input images.
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Description

CROSS-REFERENCE TO RELATED APPLICATIONS 
AND PRIORITY

[0001] The patent application claims priority to Indian
patent application no. 202021039778, filed on Septem-
ber 14, 2020. The entire contents of the aforementioned
application are incorporated herein by reference.

TECHNICAL FIELD

[0002] The disclosure herein generally relates to asset
inspection, and, more particularly, to method and system
for asset inspection using unmanned aerial vehicles.

BACKGROUND

[0003] Inspecting monitoring environments such as
manufacturing unit having assets such as chimney, pipe-
lines and thereof consume significant time and human
effort. Regular inspection of these assets involve physical
climbing onto roofs may incur significant risks, personal
injuries and damages to the property itself. In such sce-
nario, monitoring environments needs to be dynamically
inspected to detect damage of assets and document
those identified defects for reducing equipment failures
to be occurred by rights-of-way, theft, vandalism, and
terrorism threats to ensure safe operating conditions and
to plan and prioritize scheduled or emergency mainte-
nance. Additionally, real-time identification of asset type,
asset identifier (ID), defect type, and defect severity is
an important task in any asset monitoring environment.

SUMMARY

[0004] Embodiments of the present disclosure present
technological improvements as solutions to one or more
of the above-mentioned technical problems recognized
by the inventors in conventional systems. For example,
in one embodiment, a system for asset inspection using
unmanned aerial vehicles is provided. The system in-
cludes deploying, an unmanned aerial vehicle to inspect
one or more assets associated with an asset monitoring
environment, wherein the unmanned aerial vehicle is
configured to flew on a predetermined height above the
one or more assets being inspected within the asset mon-
itoring environment. Further, a plurality of input images
of an asset from the one or more assets are received
using an image capturing device positioned with the un-
manned aerial vehicle. The plurality of input images pro-
vides structural health of the asset from the one or more
assets being inspected. Then, a 3D point cloud generator
generates a 3D point cloud based on the overlapped im-
ages identified from the plurality of input images of the
asset being inspected. The 3D point cloud is converted
into a plurality of 2D image frames based on the angle
of projection from the top view of the asset being inspect-

ed. Further, a bird’s eye view of the asset based on the
plurality 2D image frames is generated, wherein the emp-
ty patches of each 2D image frame from the plurality 2D
image frames are filled based on range-domain filtering.
The one or more objects of interests from the plurality
2D image frames are detected using a mask convolu-
tional network (RCNN).
[0005] The anomalies present in the one or more ob-
jects of interests associated with the plurality 2D image
frames are detected using an anomaly detection tech-
nique, wherein the anomalies are detected based on a
training data serving as ground truth associated with the
trained convolutional autoencoder, wherein the training
data are samples of the one or more objects of interest
for determining deviation observed. Further, using a
change detection technique, the defects observed with
the one or more objects of interests based on the change
observed in each 2D image frame from the plurality 2D
image frames in a specific view with an identical objects
of interest of the 2D image frame representing the same
asset based on varying time stamps and a EXIF data
based closest possible pairing.
[0006] In another embodiment, the anomalies ob-
served in the objects of interest associated with the plu-
rality 2D image frames includes extracting, by a trained
convolutional autoencoder, a plurality of features of the
one or more objects of interest present in each 2D image
frame to detect anomalies. Further, the plurality of fea-
tures of the one or more objects of interest present in
each 2D image frame are matched with the training da-
taset based on a preconfigured threshold. Further, the
anomalies present in the one or more objects of interest
observed in each 2D image frame are observed based
on the maximum matching difference obtained with the
one or more objects of interest present in each 2D image
frame with the training dataset.
[0007] In another aspect, a method for asset inspection
using unmanned aerial vehicles is provided. The method
includes deploying, an unmanned aerial vehicle to in-
spect one or more assets associated with an asset mon-
itoring environment, wherein the unmanned aerial vehi-
cle is configured to flew on a predetermined height above
the one or more assets being inspected within the asset
monitoring environment. Further, a plurality of input im-
ages of an asset from the one or more assets are received
using an image capturing device positioned with the un-
manned aerial vehicle. The plurality of input images pro-
vides structural health of the asset from the one or more
assets being inspected. Then, a 3D point cloud generator
generates a 3D point cloud based on the overlapped im-
ages identified from the plurality of input images of the
asset being inspected. The 3D point cloud is converted
into a plurality of 2D image frames based on the angle
of projection from the top view of the asset being inspect-
ed. Further, a bird’s eye view of the asset based on the
plurality 2D image frames is generated, wherein the emp-
ty patches of each 2D image frame from the plurality 2D
image frames are filled based on range-domain filtering.
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The one or more objects of interests from the plurality
2D image frames are detected using a mask convolu-
tional network (RCNN). The anomalies present in the one
or more objects of interests associated with the plurality
2D image frames are detected using an anomaly detec-
tion technique, wherein the anomalies are detected
based on a training data serving as ground truth associ-
ated with the trained convolutional autoencoder, wherein
the training data are samples of the one or more objects
of interest for determining deviation observed. Further,
using a change detection technique, the defects ob-
served with the one or more objects of interests based
on the change observed in each 2D image frame from
the plurality 2D image frames in a specific view with an
identical objects of interest of the 2D image frame rep-
resenting the same asset based on varying time stamps
and a EXIF data based closest possible pairing.
[0008] In another embodiment, the anomalies ob-
served in the objects of interest associated with the plu-
rality 2D image frames includes extracting, by a trained
convolutional autoencoder, a plurality of features of the
one or more objects of interest present in each 2D image
frame to detect anomalies. Further, the plurality of fea-
tures of the one or more objects of interest present in
each 2D image frame are matched with the training da-
taset based on a preconfigured threshold. Further, the
anomalies present in the one or more objects of interest
observed in each 2D image frame are observed based
on the maximum matching difference obtained with the
one or more objects of interest present in each 2D image
frame with the training dataset.
[0009] In yet another aspect, provides one or more
non-transitory machine readable information storage
mediums comprising one or more instructions, which
when executed by one or more hardware processors per-
form actions includes deploying, an unmanned aerial ve-
hicle to inspect one or more assets associated with an
asset monitoring environment, wherein the unmanned
aerial vehicle is configured to flew on a predetermined
height above the one or more assets being inspected
within the asset monitoring environment. Further, a plu-
rality of input images of an asset from the one or more
assets are received using an image capturing device po-
sitioned with the unmanned aerial vehicle. The plurality
of input images provides structural health of the asset
from the one or more assets being inspected. Then, a
3D point cloud generator generates a 3D point cloud
based on the overlapped images identified from the plu-
rality of input images of the asset being inspected. The
3D point cloud is converted into a plurality of 2D image
frames based on the angle of projection from the top view
of the asset being inspected. Further, a bird’s eye view
of the asset based on the plurality 2D image frames is
generated, wherein the empty patches of each 2D image
frame from the plurality 2D image frames are filled based
on range-domain filtering. The one or more objects of
interests from the plurality 2D image frames are detected
using a mask convolutional network (RCNN). The anom-

alies present in the one or more objects of interests as-
sociated with the plurality 2D image frames are detected
using an anomaly detection technique, wherein the
anomalies are detected based on a training data serving
as ground truth associated with the trained convolutional
autoencoder, wherein the training data are samples of
the one or more objects of interest for determining devi-
ation observed. Further, using a change detection tech-
nique, the defects observed with the one or more objects
of interests based on the change observed in each 2D
image frame from the plurality 2D image frames in a spe-
cific view with an identical objects of interest of the 2D
image frame representing the same asset based on var-
ying time stamps and a EXIF data based closest possible
pairing.
[0010] In another embodiment, the anomalies ob-
served in the objects of interest associated with the plu-
rality 2D image frames includes extracting, by a trained
convolutional autoencoder, a plurality of features of the
one or more objects of interest present in each 2D image
frame to detect anomalies. Further, the plurality of fea-
tures of the one or more objects of interest present in
each 2D image frame are matched with the training da-
taset based on a preconfigured threshold. Further, the
anomalies present in the one or more objects of interest
observed in each 2D image frame are observed based
on the maximum matching difference obtained with the
one or more objects of interest present in each 2D image
frame with the training dataset.
[0011] It is to be understood that both the foregoing
general description and the following detailed description
are exemplary and explanatory only and are not restric-
tive of the invention, as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] The accompanying drawings, which are incor-
porated in and constitute a part of this disclosure, illus-
trate exemplary embodiments and, together with the de-
scription, serve to explain the disclosed principles:

FIG. 1 illustrates an exemplary block diagram of a
system (alternatively referred as an asset inspection
system), in accordance with some embodiments of
the present disclosure.
FIG. 2 illustrates a high-level architectural overview
of the monitoring environment for inspecting struc-
tural health of assets using an unmanned aerial ve-
hicle, in accordance with some embodiments of the
present disclosure.
FIG. 3A and 3B is a flow diagram illustrating a method
for inspecting assets using the unmanned aerial ve-
hicles using the system of FIG.1, in accordance with
some embodiments of the present disclosure.

DETAILED DESCRIPTION OF EMBODIMENTS

[0013] Exemplary embodiments are described with
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reference to the accompanying drawings. In the figures,
the left-most digit(s) of a reference number identifies the
figure in which the reference number first appears. Wher-
ever convenient, the same reference numbers are used
throughout the drawings to refer to the same or like parts.
While examples and features of disclosed principles are
described herein, modifications, adaptations, and other
implementations are possible without departing from the
scope of the disclosed embodiments. It is intended that
the following detailed description be considered as ex-
emplary only, with the true scope being indicated by the
following claims.
[0014] Embodiments herein provide a method and sys-
tem for asset inspection using unmanned aerial vehicles.
The system may be alternatively referred as asset in-
spection system, which enables detection of anomalies
present on one or more assets being monitored by un-
manned aerial vehicles. Examples of the asset monitor-
ing environment include manufacturing units, industries,
buildings and thereof are deployed with the unmanned
aerial vehicles, wherein the unmanned aerial vehicles
are configured to fly on a predetermined height above
the one or more assets being inspected within the asset
monitoring environment. The unmanned aerial vehicles
capture the input images of the asset being inspected
and processes these input images to detect anomalies
and change(s) occurring/occurred. The detected anom-
alies are observed on the object of interests associated
with the input image frames by converting into a plurality
of 2D image frames. Additionally, the change detection
technique detects defects observed with one or more ob-
jects of interest based on the change observed in each
2D image frame from the plurality of 2D image frames.
[0015] Referring now to the drawings, and more par-
ticularly to FIG. 1 through FIG.3B, where similar refer-
ence characters denote corresponding features consist-
ently throughout the figures, there are shown preferred
embodiments and these embodiments are described in
the context of the following exemplary system and/or
method.
[0016] FIG. 1 illustrates an exemplary block diagram
of a system (alternatively referred as an asset inspection
system), in accordance with some embodiments of the
present disclosure. In an embodiment, the asset inspec-
tion system 100 includes processor (s) 104, communi-
cation interface (s), alternatively referred as or input/out-
put (I/O) interface(s) 106, and one or more data storage
devices or memory 102 operatively coupled to the proc-
essor (s) 104. The system 100, with the processor(s) is
configured to execute functions of one or more functional
blocks of the system 100.
[0017] Referring to the components of the system 100,
in an embodiment, the processor (s) 104 can be one or
more hardware processors 104. In an embodiment, the
one or more hardware processors 104 can be implement-
ed as one or more microprocessors, microcomputers,
microcontrollers, digital signal processors, central
processing units, state machines, logic circuitries, and/or

any devices that manipulate signals based on operational
instructions. Among other capabilities, the processor(s)
104 is configured to fetch and execute computer-reada-
ble instructions stored in the memory. In an embodiment,
the system 100 can be implemented in a variety of com-
puting systems, such as laptop computers, notebooks,
10 hand-held devices, workstations, mainframe comput-
ers, servers, a network cloud, and the like.
[0018] The I/O interface(s) 106 can include a variety
of software and hardware interfaces, for example, a web
interface, a graphical user interface, and the like and can
facilitate multiple communications within a wide variety
of networks N/W and protocol types, including wired net-
works, for example, LAN, cable, etc., and wireless net-
works, such as WLAN, cellular, or satellite. In an embod-
iment, the I/O interface (s) 106 can include one or more
ports for connecting a number of devices (nodes) of the
system 100 to one another or to another server.
[0019] The memory 102 may include any computer-
readable medium known in the art including, for example,
volatile memory, such as static random access memory
(SRAM) and dynamic random access memory (DRAM),
and/or non-volatile memory, such as read only memory
(ROM), erasable programmable ROM, flash memories,
hard disks, optical disks, and magnetic tapes. The mem-
ory 102 comprises a plurality of modules 108 such as an
object detection module 110 , an anomaly detection mod-
ule 112, and a change detection module and so on, to
implement the functions for detecting anomalies present
on the one or more object of interests associated with
the asset being monitored by the unmanned aerial vehi-
cles using the asset inspection system 100.
[0020] FIG. 2 illustrates a high-level architectural over-
view of the monitoring environment for inspecting struc-
tural health of assets using an unmanned aerial vehicle,
in accordance with some embodiments of the present
disclosure. FIG.2 is an example monitoring environment
comprising one or more assets to be monitored using the
unmanned aerial vehicles. The system 100 receives a
plurality of input images of the one or more assets using
an image capturing device positioned with the unmanned
aerial vehicles. Each input image from the plurality of
input image frames provides structural health of the as-
set. The object detection module 110 detects one or more
object of interests associated with each input image
frame. The anomaly detection module 112 detects anom-
alies present on the one or more object of interests based
on a training data which serves as ground truth for de-
termining deviations. The anomaly detection module 112
is a pretrained convolutional autoencoder comprising the
training data. The change detection module 114 detects
defects observed with the one or more object of interests
by varying time stamps and EXIF data based closest pos-
sible pair. The pre-trained convolutional autoencoder
comprises training data as clean image samples to es-
tablish pattern statistics automatically. The anomaly de-
tection module 112 detects anomalies based on the pat-
tern and creates deviation from null hypothesis. The iden-
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tified unseen class of defects are localized without the
system being trained with the specific defect type.
[0021] Further, the memory 102 may comprise infor-
mation pertaining to input(s)/output(s) of each step per-
formed by the processor(s) 104 of the system 100 and
methods of the present disclosure. Functions of the com-
ponents of system 100, for inspecting asset using the
unmanned aerial vehicle, are explained in conjunction
with FIG. 3A and FIG. 3B providing flow diagram, archi-
tectural overviews, and performance analysis of the sys-
tem 100.
[0022] FIG. 3A through 3B is flow diagrams illustrating
a method for inspecting assets using the unmanned aer-
ial vehicles using the system of FIG.1, in accordance with
some embodiments of the present disclosure.
[0023] In an embodiment, the system 100 comprises
one or more data storage devices or the memory 102
operatively coupled to the processor(s) 104 and is con-
figured to store instructions for execution of steps of the
method 300 by the processor(s) or one or more hardware
processors 104. The steps of the method 300 of the
present disclosure will now be explained with reference
to the components or blocks of the system 100 as de-
picted in FIG. 1 and the steps of flow diagram as depicted
in FIG.3A & 3B. Although process steps, method steps,
techniques or the like may be described in a sequential
order, such processes, methods and techniques may be
configured to work in alternate orders. In other words,
any sequence or order of steps that may be described
does not necessarily indicate a requirement that the
steps to be performed in that order. The steps of proc-
esses described herein may be performed in any order
practical. Further, some steps may be performed simul-
taneously.
[0024] Referring now to the steps of the method 300,
at step 302, the one or more hardware processors 104
deploy an unmanned aerial vehicle to inspect one or more
assets associated with an asset monitoring environment,
wherein the unmanned aerial vehicle is configured to fly
on a predetermined height above the one or more assets
being inspected within the asset monitoring environment.
The autonomous flight of the unmanned aerial vehicle
creates a flight plan and transmits to the unmanned aerial
vehicle from a cloud system or a user device. The flight
plan instructs the unmanned aerial vehicle with regard
to the autonomous flight along a particular flight path in
three-dimensional (3D) space. The flight plan includes a
series of connected waypoints that define where the un-
manned aerial vehicle should fly and what actions the
unmanned aerial vehicle should take during a flight. The
unmanned aerial vehicle may have an autopilot flight
module operating on the unmanned aerial vehicle com-
puter system that uses the flight plan to automatically
pilot the unmanned aerial vehicle.
[0025] Referring now to the steps of the method 300,
at step 304, the one or more hardware processors 104
receive a plurality of input images of an asset from the
one or more assets using the image capturing device

positioned with the unmanned aerial vehicle, wherein the
plurality of input images provides structural health of the
asset from the one or more assets being inspected. For
example, the asset monitoring environment comprises a
rooftop, chimneys, pipelines and a gas holder but not
limited to any assets profound. The unmanned aerial ve-
hicle takes the flight plan contingencies created using
the cloud system or a user device. The flight plan con-
tingency instructs the unmanned aerial vehicles to per-
form an action to fly above the assets associated with
the monitoring environment thereby capturing the plural-
ity of input image frames.
[0026] Referring now to the steps of the method 300,
at step 306, the one or more hardware processors 104
generate, via a 3D point cloud generator, a 3D point cloud
based on the overlapped images identified from the plu-
rality of input images of asset being inspected. Here, the
plurality of input images of the rooftop, the chimneys, the
pipelines and the gas holder are captured using the un-
manned aerial vehicles which are considered as one or
more object of interests in overlapped with a predefined
percentage value such as 60-80% from all the views of
the monitoring environment. Further, the 3D point cloud
for the plurality of input image frames serve as input to
the 3D reconstruction algorithm associated with the 3D
point cloud generator generated based on the over-
lapped images. This 3D reconstruction algorithm extracts
features of the plurality of input image frames by perform-
ing feature mapping. One or more surface reconstruction
algorithms are applied on the features of the plurality of
input images to generate the 3D point cloud. The ground
points of the 3D point cloud are marked, and the seg-
mented ground points perform color space segmentation
on the 3D point cloud. Further, the 3D point cloud is en-
abled to obtain each input image to rotate in all directions
where the ground points are at maximum apart to calcu-
late distance measurement. Here, distinguishable mark-
ers are added on the one or more object of interests
where distances between the markers are known with
the shape as square. The unmanned aerial vehicles cap-
tured images reconstructs the 3D point cloud and auto-
rotates the 3D point cloud to obtain exact square view
ensuring 90-degree line of view of the markers
[0027] Referring now to the steps of the method 300,
at step 308, the one or more hardware processors 104
convert the 3D point cloud into a plurality of 2D image
frames based on the angle of projection from the top view
of the asset being inspected. A distance map is created
from the above generated 3D point cloud using a fixed
reference point. Further, a 3D grid is generated for the
given output image size using the distance map and in-
tensity values of the corresponding points of the 3D point
cloud. Further, the angle of projections is calculated dy-
namically by determining the flight pattern using GPS
metadata such as latitude, longitude, and altitude.
[0028] Referring now to the steps of the method 300,
at step 310, the one or more hardware processors 104
generate a birds eye view of the asset based on the plu-
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rality 2D image frames, wherein one or more empty
patches of each 2D image frame from the plurality 2D
image frames are filled based on range-domain filtering.
The redundant part of each 2D image frame is cropped
by detecting the biggest closed contour. The empty
patches filled with range-domain filtering prevents the
asset edges and outer boundary of each 2D image frame
from the plurality of 2D image frames using the dynamic
kernels.
[0029] Referring now to the steps of the method 300,
at step 312, the one or more hardware processors 104
detect one or more object of interests from the plurality
2D image frames using a mask convolutional network
(RCNN). Further, from the plurality of 2D image frames
one or more object of interests are detected using a single
shot detector (SSD) mobile net deep neural network. The
object detection module 110 of the system 100 detects
one or more object of interests present in each 2D image
frame from the plurality of 2D image frames. The single
shot detector (SSD) mobile net deep neural network de-
tects one or more object of interests at faster rate. The
one or more object of interests are marked and fed to the
single shot detector (SSD) mobile net deep neural net-
work which learns the features to predict real-time/real-
world scenarios. The trained convolutional network (RC-
NN) model with images marked with objects is defects.
The masked convolutional network (RCNN) is an in-
stance segmentation to localize the defects for different
objects and the model is trained to identify defects cor-
responding the object.
[0030] Referring now to the steps of the method 300,
at step 314, the one or more hardware processors 104
detect, via an anomaly detection technique, anomalies
present in the one or more objects of interests associated
with the plurality 2D image frames. The anomalies are
detected based on a training data serving as ground truth
associated with the trained convolutional autoencoder.
The training data comprises samples of the one or more
objects of interest for determining deviation observed.
Based on the one or more object of interests detected,
the anomaly detection module 112 of the system 100
detects anomalies such as foreign objects which includes
ropes, wires and thereof are detected as unseen and
unknown definition. The unknown objects are considered
as anomalies present on the one or more object of inter-
ests. The anomaly detection technique extracts a plural-
ity of features of the one or more objects of interest
present in each 2D image frame to detect anomalies are
extracted by the trained convolutional autoencoder and
further tries to regenerate the same 2D image in the en-
coder block based on the encoded features. The plurality
of features of the one or more objects of interest present
in each 2D image frame are matched with the training
dataset. The convolutional autoencoder has several
clean one or more object of interests and is capable of
generating clean images even if anomalies detected 2D
image frame are fed to the autoencoder. The anomalies
present in the one or more objects of interest observed

in each 2D image frame are detected based on the max-
imum matching difference obtained with the one or more
objects of interest present in each 2D image frame with
the training dataset. The anomalies are null hypothesis
of the pattern statistics with the clean objects. Here, dif-
ference between the 2D image frame with the anomalies
present and the regenerated clean object image is com-
puted based on pixel wise tolerance. A clustering algo-
rithm is implemented by the system 100 of the present
disclosure, wherein the clustering algorithm groups the
nearby highlighted points and localizes it as one object
of interest.
[0031] Referring now to the steps of the method 300,
at step 316, the one or more hardware processors 104
detect, via a change detection technique, one or more
defects observed with the one or more objects of interests
based on the change observed in each 2D image frame
from the plurality 2D image frames in a specific view with
an identical objects of interest of the 2D image frame
representing the same asset based on varying time
stamps and a EXIF data based closest possible pairing.
The geographical distance of the 2D image frames is
calculated in a specific view with the identical objects of
interest of the 2D image frame representing the same
asset in varying time stamps. Further, the EXIF data is
identified based on closest possible pairing based on the
calculated geographical distance.
[0032] In one embodiment, based on the EXIF data
available in each of the captured input images. This EXIF
data provides different geographic locations data which
helps to locate neighbouring input images in different
sessions. The EXIF data includes latitude, longitude, al-
titude of drone position, camera pan/ tilt/ yaw and there-
fore to find closest matched image pairs between the
sessions of flight for any arbitrary target asset. Further,
a correspondence has been established through the
aforementioned method and defect magnitude is com-
pared.
[0033] In one embodiment, the method further com-
prises creating a pyramidal view map for the plurality 2D
image frames by mapping each pixel of the plurality 2D
image frames with the plurality of input images using a
key point matching technique. The key point matching
technique extracts a feature set of the plurality of input
images of the asset being inspected and compares with
each member (or candidate) image associated with the
3D point cloud. Here, each image of the 3D point cloud
is referred as member image. The pyramidal view map
of each pixel maps to the plurality 2D image frames. Per-
spective mapping and dynamic geometric transformation
is used based on oriented fast and rotated brief (ORB)
features Further, a 3D holistic surface is created by stitch-
ing the plurality 2D image frames based on (i) the over-
lapped images identified from the plurality of input imag-
es, and (ii) a pseudo motion observed in the asset being
inspected. Further, a zero-degree rotation is performed
on the z-axis of the 3D holistic surface which flattens the
plurality 2D image frames representing the 3D holistic
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surface. Further, automated scale-based visualization is
performed on different regions of the 3D holistic surface.
The closest member image associated with the 3D point
cloud is fetched based on maximum features matching
with the plurality 2D image frames. Further rotation and
affine scaling are performed to fit the degree of conver-
gence for the maximum matched features by calculating
a homography matrix. Then, a blank image is created for
each member image associated with the 3D point cloud
which fits gaussian pdf on the region of matching features
to merge the black image for creating pixel level mapping.
[0034] The written description describes the subject
matter herein to enable any person skilled in the art to
make and use the embodiments. The scope of the subject
matter embodiments is defined by the claims and may
include other modifications that occur to those skilled in
the art. Such other modifications are intended to be within
the scope of the claims if they have similar elements that
do not differ from the literal language of the claims or if
they include equivalent elements with insubstantial dif-
ferences from the literal language of the claims.
[0035] The embodiments of present disclosure herein
address unresolved problem of asset inspection. The
embodiment thus provides method and system for asset
inspection using unmanned aerial vehicles. Moreover,
the embodiments herein further provide inspection of as-
sets by performing aerial image analysis. The method
enables detecting anomalies present in the one or more
objects of interests associated with the plurality 2D image
frames. The unmanned aerial vehicle inspects one or
more assets associated with an asset monitoring envi-
ronment. The unmanned aerial vehicle is configured to
flew on a predetermined height above the one or more
assets being inspected within the asset monitoring envi-
ronment Also, the method detects defects observed with
the one or more objects of interests based on the change
observed in each 2D image frame from the plurality 2D
image frames in a specific view with an identical objects
of interest of the 2D image frame representing the same
asset based on varying time stamps and a EXIF data
based closest possible pairing. Further, the method cre-
ates a 3D holistic surface by stitching the plurality 2D
image frames based on the overlapped images identified
from the plurality of input images, and a pseudo motion
observed in the asset being inspected. The method also
performs rotation and affine scaling to fit the degree of
convergence for the maximum matched features by cal-
culating a homography matrix.
[0036] It is to be understood that the scope of the pro-
tection is extended to such a program and in addition to
a computer-readable means having a message therein;
such computer-readable storage means contain pro-
gram-code means for implementation of one or more
steps of the method, when the program runs on a server
or mobile device or any suitable programmable device.
The hardware device can be any kind of device which
can be programmed including e.g. any kind of computer
like a server or a personal computer, or the like, or any

combination thereof. The device may also include means
which could be e.g. hardware means like e.g. an appli-
cation-specific integrated circuit (ASIC), a field-program-
mable gate array (FPGA), or a combination of hardware
and software means, e.g. an ASIC and an FPGA, or at
least one microprocessor and at least one memory with
software processing components located therein. Thus,
the means can include both hardware means, and soft-
ware means. The method embodiments described here-
in could be implemented in hardware and software. The
device may also include software means. Alternatively,
the embodiments may be implemented on different hard-
ware devices, e.g. using a plurality of CPUs.
[0037] The embodiments herein can comprise hard-
ware and software elements. The embodiments that are
implemented in software include but are not limited to,
firmware, resident software, microcode, etc. The func-
tions performed by various components described herein
may be implemented in other components or combina-
tions of other components. For the purposes of this de-
scription, a computer-usable or computer readable me-
dium can be any apparatus that can comprise, store,
communicate, propagate, or transport the program for
use by or in connection with the instruction execution
system, apparatus, or device.
[0038] The illustrated steps are set out to explain the
exemplary embodiments shown, and it should be antic-
ipated that ongoing technological development will
change the manner in which particular functions are per-
formed. These examples are presented herein for pur-
poses of illustration, and not limitation. Further, the
boundaries of the functional building blocks have been
arbitrarily defined herein for the convenience of the de-
scription. Alternative boundaries can be defined so long
as the specified functions and relationships thereof are
appropriately performed. Alternatives (including equiva-
lents, extensions, variations, deviations, etc., of those
described herein) will be apparent to persons skilled in
the relevant art(s) based on the teachings contained
herein. Such alternatives fall within the scope of the dis-
closed embodiments. Also, the words "comprising," "hav-
ing," "containing," and "including," and other similar forms
are intended to be equivalent in meaning and be open
ended in that an item or items following any one of these
words is not meant to be an exhaustive listing of such
item or items, or meant to be limited to only the listed
item or items. It must also be noted that as used herein
and in the appended claims, the singular forms "a," "an,"
and "the" include plural references unless the context
clearly dictates otherwise.
[0039] Furthermore, one or more computer-readable
storage media may be utilized in implementing embodi-
ments consistent with the present disclosure. A compu-
ter-readable storage medium refers to any type of phys-
ical memory on which information or data readable by a
processor may be stored. Thus, a computer-readable
storage medium may store instructions for execution by
one or more processors, including instructions for caus-
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ing the processor(s) to perform steps or stages consistent
with the embodiments described herein. The term "com-
puter-readable medium" should be understood to include
tangible items and exclude carrier waves and transient
signals, i.e., be non-transitory. Examples include random
access memory (RAM), read-only memory (ROM), vol-
atile memory, nonvolatile memory, hard drives, CD
ROMs, DVDs, flash drives, disks, and any other known
physical storage media.
[0040] It is intended that the disclosure and examples
be considered as exemplary only, with a true scope of
disclosed embodiments being indicated by the following
claims.

Claims

1. A processor (104) implemented method for inspect-
ing asset using an unmanned aerial vehicle, the
method comprising:

deploying (302), via one or more hardware proc-
essors (104), an unmanned aerial vehicle to in-
spect one or more assets associated with an
asset monitoring environment, wherein the un-
manned aerial vehicle is configured to fly at a
predetermined height above the one or more as-
sets being inspected within the asset monitoring
environment;
receiving (304), via the one or more hardware
processors (104), a plurality of input images of
an asset from the one or more assets using an
image capturing device positioned with the un-
manned aerial vehicle, wherein the plurality of
input images provides structural health of the
asset from the one or more assets being inspect-
ed;
generating (306), via the one or more hardware
processors (104), by a three-dimensional (3D)
point cloud generator, a 3D point cloud based
on one or more overlapped images identified
from the plurality of input images of the asset
being inspected;
converting (308), via the one or more hardware
processors (104), the 3D point cloud into a plu-
rality of 2D image frames based on an angle of
projection from a top view of the asset being
inspected;
generating (310), via the one or more hardware
processors (104), a birds eye view of the asset
based on the plurality 2D image frames, wherein
one or more empty patches of each 2D image
frame from the plurality 2D image frames are
filled based on range-domain filtering;
detecting (312), via the one or more hardware
processors (104), one or more objects of inter-
ests from the plurality 2D image frames using a
mask convolutional network (RCNN);

detecting (314), by an anomaly detection tech-
nique executed by the one or more hardware
processors (104), one or more anomalies
present in the one or more objects of interests
associated with the plurality 2D image frames,
wherein the one or more anomalies are detected
based on a training data serving as ground truth
associated with a trained convolutional autoen-
coder, and wherein the training data comprises
one or more samples of the one or more objects
of interest for determining deviation observed;
and
detecting (316), by a change detection tech-
nique executed by the one or more hardware
processors (104), one or more defects observed
in the one or more objects of interests based on
the change observed in each 2D image frame
from the plurality 2D image frames in a specific
view with an identical objects of interest of the
2D image frame representing the asset based
on varying time stamps and an EXIF data based
closest possible pairing.

2. The method as claimed in claim 1, wherein detecting
the one or more anomalies observed in the objects
of interest associated with the plurality 2D image
frames comprises:

extracting, by the trained convolutional autoen-
coder, a plurality of features of the one or more
objects of interest present in each 2D image
frame to detect anomalies;
matching, based on a preconfigured threshold,
the plurality of features of the one or more ob-
jects of interest present in each 2D image frame
with the training dataset comprised in a memory;
and
detecting, the one or more anomalies present in
the one or more objects of interest observed in
each 2D image frame based on a maximum
matching difference obtained from the one or
more objects of interest present in each 2D im-
age frame with the training dataset.

3. The method as claimed in claim 1, wherein the step
of detecting, by the change detection technique ex-
ecuted by the one or more hardware processors, the
one or more defects observed with one or more ob-
jects of interest based on the change observed in
each 2D image frame from the plurality 2D image
frames comprises:

calculating, a geographical distance of the 2D
image frames in a specific view with the identical
objects of interest of the 2D image frame repre-
senting the same asset in varying time stamps;
and
identifying, the EXIF data based on closest pos-
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sible pairing based on the calculated geograph-
ical distance.

4. The method as claimed in claim 1, further comprising
creating a pyramidal view map for the plurality 2D
image frames by mapping each pixel of the plurality
2D image frames with the plurality of input images
using a key point matching technique.

5. The method as claimed in claim 4, wherein the key
point matching technique comprises:

extracting, a feature set of the plurality of input
images of the asset being inspected and com-
paring with each member image associated with
the 3D point cloud;
creating, a 3D holistic surface by stitching the
plurality 2D image frames based on (i) the over-
lapped images identified from the plurality of in-
put images, and (ii) a pseudo motion observed
in the asset being inspected;
performing, a zero-degree rotation on z-axis of
the 3D holistic surface which flattens the plurality
2D image frames representing the 3D holistic
surface;
performing, an automated scale-based visuali-
zation on different regions of the 3D holistic sur-
face;
fetching, the closest member image associated
with the 3D point cloud based on maximum fea-
tures matching with the plurality 2D image
frames;
performing, rotation and affine scaling to fit the
degree of convergence for the maximum
matched features by calculating a homography
matrix; and
creating, a blank image for each member image
associated with the 3D point cloud which fits
gaussian pdf on the region of matching features
to merge the blank image for creating pixel level
mapping.

6. A system (100), for inspecting asset using an un-
manned aerial vehicle comprising:

a memory (102) storing instructions;
one or more communication interfaces (106);
and
one or more hardware processors (104) coupled
to the memory (102) via the one or more com-
munication interfaces (106), wherein the one or
more hardware processors (104) are configured
by the instructions to:

deploy, an unmanned aerial vehicle to in-
spect one or more assets associated with
an asset monitoring environment, wherein
the unmanned aerial vehicle is configured

to flew on a predetermined height above the
one or more assets being inspected within
the asset monitoring environment;
receive, a plurality of input images of an as-
set from the one or more assets using an
image capturing device positioned with the
unmanned aerial vehicle, wherein the plu-
rality of input images provides structural
health of the asset from the one or more
assets being inspected;
generate, by a 3D point cloud generator, a
3D point cloud based on the overlapped im-
ages identified from the plurality of input im-
ages of the asset being inspected;
convert, the 3D point cloud into a plurality
of 2D image frames based on the angle of
projection from the top view of the asset be-
ing inspected;
generate, a bird’s eye view of the asset
based on the plurality 2D image frames,
wherein the empty patches of each 2D im-
age frame from the plurality 2D image
frames are filled based on range-domain fil-
tering;
detect, one or more objects of interests from
the plurality 2D image frames using a mask
convolutional network (RCNN);
detect, by an anomaly detection technique,
anomalies present in the one or more ob-
jects of interests associated with the plural-
ity 2D image frames, wherein the anomalies
are detected based on a training data serv-
ing as ground truth associated with the
trained convolutional autoencoder, wherein
the training data are samples of the one or
more objects of interest for determining de-
viation observed; and
detect, by a change detection technique,
defects observed with the one or more ob-
jects of interests based on the change ob-
served in each 2D image frame from the
plurality 2D image frames in a specific view
with an identical objects of interest of the
2D image frame representing the same as-
set based on varying time stamps and a
EXIF data based closest possible pairing.

7. The system (100) as claimed in claim 6, wherein the
one or more anomalies observed in the objects of
interest associated with the plurality 2D image
frames are detected by:

extracting, by a trained convolutional autoen-
coder, a plurality of features of the one or more
objects of interest present in each 2D image
frame to detect anomalies;
matching, based on a preconfigured threshold,
the plurality of features of the one or more ob-
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jects of interest present in each 2D image frame
with the training dataset; and
detecting, the anomalies present in the one or
more objects of interest observed in each 2D
image frame based on the maximum matching
difference obtained with the one or more objects
of interest present in each 2D image frame with
the training dataset.

8. The system (100) as claimed in claim 6, wherein the
change detection technique for detecting defects ob-
served with one or more objects of interest based on
the change observed in each 2D image frame from
the plurality 2D image frames comprises:

calculating, geographical distance of the 2D im-
age frames in a specific view with the identical
objects of interest of the 2D image frame repre-
senting the same asset in varying time stamps;
and
identifying, EXIF data based on closest possible
pairing based on the calculated geographical
distance.

9. The system (100) as claimed in claim 6, wherein the
method further comprises to create a pyramidal view
map for the plurality 2D image frames by mapping
each pixel of the plurality 2D image frames with the
plurality of input images using a key point matching
technique.

10. The system (100) as claimed in claim 9, wherein the
key point matching technique comprises:

extracting, a feature set of the plurality of input
images of the asset being inspected and com-
paring with each member image associated with
the 3D point cloud;
creating, a 3D holistic surface by stitching the
plurality 2D image frames based on (i) the over-
lapped images identified from the plurality of in-
put images, and (ii) a pseudo motion observed
in the asset being inspected;
performing, a zero degree rotation on the z-axis
of the 3D holistic surface which flattens the plu-
rality 2D image frames representing the 3D ho-
listic surface;
performing, automated scale based visualiza-
tion on different regions of the 3D holistic sur-
face;
fetching, the closest member image associated
with the 3D point cloud based on maximum fea-
tures matching with the plurality 2D image
frames;
performing, rotation and affine scaling to fit the
degree of convergence for the maximum
matched features by calculating a homography
matrix; and

creating, a blank image for each member image
associated with the 3D point cloud which fits
gaussian pdf on the region of matching features
to merge the black image for creating pixel level
mapping.

11. One or more non-transitory machine-readable infor-
mation storage mediums comprising one or more
instructions which when executed by one or more
hardware processors perform actions comprising:

deploying, an unmanned aerial vehicle to in-
spect one or more assets associated with an
asset monitoring environment, wherein the un-
manned aerial vehicle is configured to fly at a
predetermined height above the one or more as-
sets being inspected within the asset monitoring
environment;
receiving, a plurality of input images of an asset
from the one or more assets using an image
capturing device positioned with the unmanned
aerial vehicle, wherein the plurality of input im-
ages provides structural health of the asset from
the one or more assets being inspected;
generating, by a three-dimensional (3D) point
cloud generator, a 3D point cloud based on one
or more overlapped images identified from the
plurality of input images of the asset being in-
spected;
converting, the 3D point cloud into a plurality of
2D image frames based on an angle of projec-
tion from a top view of the asset being inspected;
generating, a birds eye view of the asset based
on the plurality 2D image frames, wherein one
or more empty patches of each 2D image frame
from the plurality 2D image frames are filled
based on range-domain filtering;
detecting, one or more objects of interests from
the plurality 2D image frames using a mask con-
volutional network (RCNN);
detecting, by an anomaly detection technique,
one or more anomalies present in the one or
more objects of interests associated with the plu-
rality 2D image frames, wherein the one or more
anomalies are detected based on a training data
serving as ground truth associated with a trained
convolutional autoencoder, and wherein the
training data comprises one or more samples of
the one or more objects of interest for determin-
ing deviation observed; and
detecting, by a change detection technique one
or more defects observed in the one or more
objects of interests based on the change ob-
served in each 2D image frame from the plurality
2D image frames in a specific view with an iden-
tical objects of interest of the 2D image frame
representing the asset based on varying time
stamps and an EXIF data based closest possible
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pairing.

12. The one or more non-transitory machine-readable
information storage mediums of claim 11, wherein
detecting the one or more anomalies observed in the
objects of interest associated with the plurality 2D
image frames comprises:

extracting, by the trained convolutional autoen-
coder, a plurality of features of the one or more
objects of interest present in each 2D image
frame to detect anomalies;
matching, based on a preconfigured threshold,
the plurality of features of the one or more ob-
jects of interest present in each 2D image frame
with the training dataset comprised in a memory;
and
detecting, the one or more anomalies present in
the one or more objects of interest observed in
each 2D image frame based on a maximum
matching difference obtained from the one or
more objects of interest present in each 2D im-
age frame with the training dataset.

13. The one or more non-transitory machine-readable
information storage mediums of claim 11, wherein
the step of detecting, by the change detection tech-
nique executed by the one or more hardware proc-
essors, the one or more defects observed with one
or more objects of interest based on the change ob-
served in each 2D image frame from the plurality 2D
image frames comprises:

calculating, a geographical distance of the 2D
image frames in a specific view with the identical
objects of interest of the 2D image frame repre-
senting the same asset in varying time stamps;
and
identifying, the EXIF data based on closest pos-
sible pairing based on the calculated geograph-
ical distance.

14. The one or more non-transitory machine-readable
information storage mediums of claim 11, further
comprising creating a pyramidal view map for the
plurality 2D image frames by mapping each pixel of
the plurality 2D image frames with the plurality of
input images using a key point matching technique.

15. The one or more non-transitory machine-readable
information storage mediums of claim 14, wherein
the key point matching technique comprises:

extracting, a feature set of the plurality of input
images of the asset being inspected and com-
paring with each member image associated with
the 3D point cloud;
creating, a 3D holistic surface by stitching the

plurality 2D image frames based on (i) the over-
lapped images identified from the plurality of in-
put images, and (ii) a pseudo motion observed
in the asset being inspected;
performing, a zero-degree rotation on z-axis of
the 3D holistic surface which flattens the plurality
2D image frames representing the 3D holistic
surface;
performing, an automated scale-based visuali-
zation on different regions of the 3D holistic sur-
face;
fetching, the closest member image associated
with the 3D point cloud based on maximum fea-
tures matching with the plurality 2D image
frames;
performing, rotation and affine scaling to fit the
degree of convergence for the maximum
matched features by calculating a homography
matrix; and
creating, a blank image for each member image
associated with the 3D point cloud which fits
gaussian pdf on the region of matching features
to merge the blank image for creating pixel level
mapping.
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